Severe haze events in Southeast Asia caused by particulate pollution have become 32 more intense and frequent in recent years. Widespread biomass burning occurrences and 33 particulate pollutants from human activities other than biomass burning both play important 34 roles in degrading air quality in Southeast Asia. In this study, numerical simulations have 35 been conducted using the Weather Research and Forecasting (WRF) model coupled with a 36 chemistry component (WRF-Chem) to quantitatively examine the contributions of aerosols 37 emitted from fire (i.e., biomass burning) versus non-fire (including fossil fuel combustion, 38 and road dust, etc.) sources to the degradation of air quality and visibility over Southeast In addition, we demonstrate the importance of 50 certain missing non-fire anthropogenic aerosol sources including anthropogenic fugitive and 51 industrial dusts in causing urban air quality degradation. An experiment of using machine 52 learning algorithms to forecast the occurrence of haze events in Singapore is also explored 53 in this study. All these results suggest that besides minimizing biomass burning activities, 54 3 an effective air pollution mitigation policy for Southeast Asia needs to consider controlling 55 emissions from non-fire anthropogenic sources. 56
from 23% to 34%. The premature mortality among major Southeast Asian cities due to 48 degradation of air quality by particulate pollutants is estimated to increase from ~4110 per 49 year in 2002 to ~6540 per year in 2008. In addition, we demonstrate the importance of 50 certain missing non-fire anthropogenic aerosol sources including anthropogenic fugitive and 51 industrial dusts in causing urban air quality degradation. An experiment of using machine 52 learning algorithms to forecast the occurrence of haze events in Singapore is also explored 53 in this study. All these results suggest that besides minimizing biomass burning activities, 54 burning alongside other non-biomass burning human activities, as indicated in our previous 78 study ( Lee et al., 2017) , also contribute significantly to air quality degradation. 79
Particulate pollutants from human activities other than biomass burning in Southeast 80
Asia include species both locally produced and brought in from neighboring regions by 81 long-range transport. Fossil fuel emissions in Southeast Asia have increased significantly in 82 recent years, especially in areas where energy demands are growing rapidly in response to 83 economic expansion and demographic trends (IEA, 2015) . Therefore, advancing our 84 understanding of the respective contributions of aerosols from fire (i.e., biomass burning) 85 versus non-fire (including fossil fuel combustion, road and industrial dust, land use, and land 86 change, etc.) activities to air quality and visibility degradation has become an urgent task for 87 developing effective air pollution mitigation policies in Southeast Asia. 88
In this study, we aim to examine and quantify the impacts of fire and non-fire aerosols 89 on air quality and visibility degradation over Southeast Asia. Three numerical simulations 90 have been conducted using the Weather Research and Forecasting (WRF) model coupled 91 with a chemistry component (WRF-Chem), which is a sophisticated regional weather-92 chemistry model, driven respectively by aerosol emissions from: (a) fossil fuel burning only, 93 (b) biomass burning only, and (c) both fossil fuel and biomass burning. By comparing the 94 results of these experiments, we examine the corresponding impacts of fossil fuel and 95 biomass burning emissions, both separately and combined, on the air quality and visibility 96 of the region. We also use available is-situ measurements to evaluate and correct model 97 results for providing a better base for further improvement of particularly emissions over the 98 region. Beyond the traditional process models such as WRF-Chem, we also experiment 99 using machine learning algorithms to identify suitable conditions for haze based on 100
The model

145
WRF-Chem version 3.6.1 is used in this study to simulate trace gases and particulates 146 interactively with the meteorological fields using several treatments for photochemistry and 147 aerosols (Grell et al., 2005) . We selected the Regional Acid Deposition Model version 2 148 (RADM2) photochemical mechanism (Stockwell et al., 1997) (Grell and Freitas, 2014) . 167
The initial and boundary meteorological conditions are taken from the U.S. National Center 168 for Environment Prediction FiNaL (NCEP-FNL) reanalysis data (National Centers for 169
Environmental Prediction, 2000), which has a spatial resolution of 1 degree and a temporal 170 resolution of 6 hours. Sea surface temperatures are updated every 6 hours in NCEP-FNL. 171
All simulations used a four-dimensional data assimilation (FDDA) method to nudge NCEP-172 FNL temperature, water vapor, and zonal as well as meridional wind speeds above the 173 planetary boundary layer. 174
Emission inventories
175
The Regional Emission inventory in ASia (REAS) version 2. coverage. The emission coverage of REAS and EDGAR in our simulated domain is 187 presented in Fig. 1 . We have compared the modeled results using REAS versus EDGAR 188 emission inventories in a set of one-year paired simulations: the differences between these 189 two model runs are rather limited regarding aerosol-related variables (Table S3) Compared with fossil fuel emissions, biomass burning emissions vary in space and time 203 (Fig. S2) . However, regarding long-term impact, both emissions are important to regional 204 air quality in Southeast Asia (Table 1) . BC from biomass burning emissions, for example, 205 has significant inter-annual and inter-seasonal variabilities due to the Southeast Asia 206 monsoon and the El Niño-Southern Oscillation (ENSO) (Lee et al., 2017; Reid et al., 2012) , 207 but total BC emissions are equally contributed by fossil fuel and biomass burning sources 208 (Table 1) . 209
Numerical experiment design
210
Three numerical simulations are proposed to investigate the impacts of fire and non-fire 211 aerosols on regional air quality and visibility in Southeast Asia. Among these three runs, the 212 fossil fuel emissions only (FF) simulation and the biomass burning emissions only (BB) 213 simulation are designed to assess the impact of stand-alone non-fire and fire aerosols, 214 respectively. The simulation combining both fossil fuel and biomass burning emissions 215 (FFBB) is to demonstrate the impacts of both types of aerosols; it is also closer to real world 216 case than the two other runs. Based on available years of emission inventories, each of these 217 runs lasts 7 years (i.e., from 2002 to 2008). 218 2.5 Deriving "Low Visibility Day" (LVD) caused by particulate pollution
219
According to Visscher (2013) , a visibility reading lower than 10 km is considered a 220 moderate to heavy air pollution event by particulate matter. As in Lee et al. (2017) , we 221 define a "low visibility day (LVD)" when the daily-mean surface visibility is lower or equal 222 to 10 km, not including misty and fog days. The modeled visibility is calculated based on 223 the extinction coefficient of the externally mixed aerosols, including BC, OC, sulfate (SO 4 2-) 224 and nitrate (NO 3 -), as a function of particle size, by assuming a log-normal size distribution 225
of Aitken and accumulation modes. Note that all these calculations are computed for the 226 wavelength of 550 nm. To make the calculated visibility based on modeled aerosols better 227 match the reality, we also consider the hygroscopic growth of OC, sulfate, and nitrate in the 228 calculation based on the modeled relative humidity (Kiehl et al., 2000; Lee et al., 2017) . 229
Our focus in this study is to first identify LVDs and then to determine whether fire or 230 non-fire aerosols alone, or in combination, could cause the occurrence of these LVDs. As a 231 reference, the observed low visibility days are identified and the annual frequency in every 232 year for a given city are also derived by using the GSOD visibility data. Then, the modeled 233 low visibility days are derived following the same procedure. Using these results and based 234 on the logical chart in Fig. 2 
242
The Air Quality Index is established mainly for the purpose to provide easily 243 understandable information about air pollution to the public. The original derivation of AQI 244 in the U.S. is based on six pollutants: particulate matter (PM 10 ), fine particulate matter 245 (PM 2.5 ), sulfur dioxide (SO 2 ), carbon monoxide (CO), ozone (O 3 ), and nitrogen dioxide 246 (NO 2 ). Each pollutant is scored on a scale extending from 0 through 500 based on the 247 corresponding breakpoints, and then the highest AQI value is reported to the public. In this 248 study, we focus on the AQI derived from modeled 24-h PM 2.5 and 9-h O 3 . Note that the 249 original AQI is derived by using 8-h O 3 . Due to the 3-h output interval of simulated O 3 , we 250 use the 9-h O 3 level instead in this study. An index I p for pollutant p is calculated by using a 251 segmented linear function that relates pollutant concentration, C p : 252 The form of integrated CRF is calculated by the following formula: 281 from coal combustion and industrial processes (e.g. iron and steel production, cement 303 production), resuspension from paved and unpaved roads, mining, quarrying, and 304 agricultural operations, and road-residential-commercial construction. In their study, they 305 estimated a 2 -16 µg m -3 increase in fine particulate matter (PM 2.5 ) concentration across 306
East and South Asia simply by including AFCID emission. We also find that the major 307 component of PM 2.5 particles from the filtered samples of SPARAN observational network 308 is residual materials, which are mainly organic matters (Snider et al., 2016) (Fig. S1 ). All of 309 these analyses show the incompletion in the current emission inventories. In addition to 310 PM 10 data, we have also used observed surface visibility to evaluate model performance. As 311 mentioned in Sect. 2.5, the modeled visibility values are derived from the extinction 312 coefficient of the externally mixed aerosols and simulated fine particulate concentrations. 313
As shown in Fig. 4 , the model correctly predicted about 40% observed low-visibility events 314 during the fire seasons, while 60% miss-captured low-visibility events are mainly due to the 315 missing AFCID. The details of this are discussed in Sect. 4. Additional uncertainty analysis 316 of modeled LVDs by using a method for dichotomous (yes or no LVDs) cases is presented 317 in Sect. S1 of the supplementary material. On the other hand, the model has overestimated 318 the visibility range for many cases with observed visibility lower than 7 km. Such a result is 319 likely due to the 36-km model resolution used in the study, which could be too coarse to 320 resolve the typical size of air plumes containing high concentration of fine particulate 321 matters. The detailed discussion of potential uncertainty factors of modeled visibility, 322 including meteorological datasets, fire emission inventories, and the model resolution 323 can be found in Lee et al. (2017) . 324
The observed CO and O 3 levels from the only WMO GAW station in the region, Bukit 325 Kototabang, Indonesia (West Sumatra) are used to evaluate the model performance in 326 simulating gas phase chemistry. Fossil fuel and biomass combustions and biogenic 327 emissions are among the major sources of CO in the region, while O 3 production is mainly 328 from photochemical reactions of precursors such as nitrogen oxides, volatile organic 329 compounds, and CO, largely from anthropogenic emissions. Due to the geographic location, 330 the primary source of CO in Bukit Kototabang is from biomass burning, hence high CO 331 levels occur during fire seasons (Fig. 3b) . The model accurately captured observed CO 332 levels during the simulation. Model simulated evolution of volume mixing ratio of O 3 also 333 matches observations very well, though with a positive bias of about 20 ppbv on average 334 (34.8 versus 13.4 ppbv) (Fig. 3c) . We notice that NO x emission is higher in REAS emission 335 inventory comparing with other emission inventories and studies (Kurokawa et al., 2013) . 336
The boundary condition of WRF-Chem also sets the background surface ozone quite high 337 (30 ppbv). Both could lead to the overestimated background ozone in the model. Table 2 ). Generally 344 speaking, fire and non-fire aerosols contribute equally towards the haze events occurring in 345 Bangkok. A more interesting finding is that 11% of LVDs need a combination of both fire 346 and non-fire aerosols to occur (Type 4). This highlights the importance of fire aerosols in 347 worsening air quality of otherwise moderate haze conditions under the existing suspended 348 non-fire aerosols. Overall, the model missed about 29% to fire aerosols, the contribution of non-fire aerosols to LVDs is small in Singapore. 361 However, the model failed to capture a high percentage of LVD cases in both Kuala Lumpur 362 (49%) and Singapore (67%) (Type 5; see Table 2 ). As discussed in Sect. 3.1, missing 363 AFCID in the emission inventory could explain why the model failed to capture the LVDs 364 in these two sites. Further discussion is presented in Sect. 4. 365
Fire-and non-fire-caused LVDs over the whole Southeast Asia
366
By comparing the annual mean PM 2.5 concentration in 50 Association of Southeast 367
Asian Nations (ASEAN) cities between three simulations, we identify that there are 13 368 ASEAN cities receiving more than 70% PM 2.5 concentration from non-fire sources, while 369 other 10 ASEAN cities where fire aerosols are the major (more than 70%) component of 370 PM 2.5 (Fig. 5) . Note that although fire aerosols are the major component of annual mean 371 PM 2.5 concentration in these latter 10 ASEAN cities, the influence period of fire aerosols 372 normally is only about 3 to 5 months. The rest of the ASEAN cities are essentially 373 influenced by coexisting fire and non-fire aerosols. Note that the sum of PM 2.5 374 concentrations in FF and BB is not necessarily equal to the PM 2.5 concentration in FFBB in 375 any given city due to non-linearity in modeled aerosol processes. cities, we find that by considering aerosols emitted from non-fire emissions alone, about 379 59% of observed LVDs can be explained, whereas considering fire aerosols adds an 380 additional 13% of LVDs. Conversely, by considering aerosols emitted from fire alone, 381 about 47% of observed LVDs can be explained, whereas adding non-fire aerosols adds an 382 additional 25% of LVDs. About 28% of observed LVDs remains unexplained. In general, 383 non-fire aerosols appear to be the major contributor to LVDs in these cities. while fire emissions (BB) alone can only trigger 3% of such situations (Table 3) . In 395 comparison, combining fire and non-fire emissions as derived from the simulation of FFBB 396 can cause 33% of daily AQI (O3) to reach moderate and unhealthy pollution levels. In Kuala 397
Lumpur and Singapore, O 3 is not the major source for air quality degradation, where fire or 398 non-fire emissions alone can seldom cause O 3 levels to reach even moderate pollution 399 levels. For example, in the FF simulation, only 5% of daily AQI (O3) readings in Kuala 400
Lumpur and 1% in Singapore reached moderate pollution levels. Again, the majority of the 401 high AQI (O3) cases result from combining fire and non-fire emissions (FFBB) ( Table 3) . 402
Overall, non-fire emissions alone only cause 6% of daily AQI (O3) to reach moderate 403 pollution levels in 50 ASEAN cities, whereas about 12% of moderate and unhealthy 404 pollution cases resulted from the combined effect of fire and non-fire emissions. 405
We find that in Southeast Asia, PM 2.5 actually plays a more important role than O 3 in 406 causing high AQI cases. In Bangkok, PM 2.5 resulted in 37% and 33% high daily AQI (PM2.5) 407 cases in FF and BB simulation, respectively (Table 4) . Among these, three times more cases 408 with daily AQI (PM2.5) reaching unhealthy levels can be attributed to PM 2.5 from BB than 409 those from FF (Table 4) (Table 4) . Examining 24-h PM 2.5 415 AQI (PM2.5) among 50 ASEAN cities shows that non-fire aerosols alone contribute to 416 moderate to unhealthy pollution levels 2.6 times more often than fire aerosols alone (23% 417 versus 9%). Compared to the modeled results in FF, PM 2.5 in FFBB increases 10% more 418 bad air quality to moderate and unhealthy pollution level (Table 4 ). This result is consistent 419 with the findings in Sect. 3.3. 420
We have exanimated the health impacts due to PM 2.5 in 50 ASEAN cities using the 421 method described in Sect. 2.7 and the results show that the top three cities for premature 422 mortality caused by particulate pollution are Jakarta (Indonesia), Bangkok (Thailand), and 423
Hanoi (Vietnam) with 910, 1080, and 620 premature mortalities per year, respectively (Fig.  424   6) . The premature mortality in Jakarta is mainly due to exposure to PM 2.5 particles emitted 425 from non-fire emissions (95%), the same situation as in Hanoi (80%). However, in 426 Bangkok, the health impact due to fire and non-fire aerosols are equally critical (Figs. S3  427 and S4). In general, owing to the increasing trend of non-fire emissions during the analysis 428 period, the premature mortalities due to PM 2.5 emitted from non-fire sources have increased 429 with time in most ASEAN cities (Fig. S3 ). Besides this, higher fire aerosols levels in 430 (Figs. 6 and S4) . Table 5 ). Note that the mode of the distribution of observed visibility in 470
Singapore is around 11 km. Therefore, when fire occurs in the surrounding countries, even 471 a moderate addition to the aerosol abundance from fire can worsen visibility to reach a low 472 visibility condition (visibility < 10 km). Because of the poor data quality of observed 473 visibility in Bandung (only less than 10% observations are available), introducing the 474 missing anthropogenic aerosol components did not help to characterize the major aerosol 475 contribution. In Manila, the number of missed LVDs in the model reduced 35% while Type 476 2 and Type 4 LVDs increased 26% and 9%, respectively, after introducing the missing 477 anthropogenic aerosol components.
Nevertheless, even after adding the missing 478 anthropogenic aerosols to the non-fire aerosol category, the model still missed 57% of LVDs 479 in Manila. This is mainly because the model did not capture many fire events in that area, 480 likely due to underestimation of fire emissions in the emission inventory. 481
Besides LVDs, the missing anthropogenic aerosols also substantially affect the modeled 482 AQI (PM2.5) . Table 6 shows the frequency of various AQI (PM2.5) levels calculated respectively 483 with and without the missing anthropogenic aerosol components in Hanoi, Singapore, 484
Bandung, and Manila. After considering the missing anthropogenic aerosol components, 485 modeled air pollution levels in Hanoi and Bandung persistently reach the moderate or 486 unhealthy pollution levels. In Singapore, modeled frequency of moderate and unhealthy 487 cases also increase from 22% to 66%, and in Manila from 8% to 36%. Furthermore, the 488 number of premature mortalities in Singapore and Manila increases significantly from 0 to 489 230 and 130, respectively (Table 7) . These results indicate the importance for models to 490 include anthropogenic fugitive and industrial dusts in order to capture low visibility events 491 in the region. well as input data errors can all lead to the uncertainty of model prediction. Specifically, for 499 the task of forecasting the occurrence of haze events (i.e., LVDs), using these models is 500 nearly impossible due to the lack of real-time emission estimates to drive aerosol chemical 501 and physical processes. On the other hand, machine learning algorithms permit 502 interpretation of large quantity of complex historical data based on computer analyses, and 503 this capacity of machine learning seems promising for us to derive suitable conditions for 504 hazes from historical data and hence to forecast the likelihood of the occurrence of such 505
events. 506
We hence experiment using the so-called supervised learning skill that trains or 507 optimizes a machine to produce the outcomes based on input data (or features) as close as We have used several different classifications in the training. The first one uses two 520 classes, corresponding to haze (visibility lower or equal to 10 km) and non-haze (visibility 521 higher than 10 km) events. Another applied 2-class classification uses 7 km instead of 10 522 km in identifying the haze events. In addition, a 3-class classification has also been tested, 523 which includes two haze classes: visibility lowers than 7 km and between 10 and 7 km, 524 respectively. The training-testing ratio is set to be 60:40. 525
In our study, the highest validation accuracy and F 1 -score (Powers, 2011) in any 526 algorithm appear in the machine for Changi site, while the difference in accuracy between 527 each algorithm is small (Figs. 7 and S5) . However, the accuracy for all the algorithms at 528
Seletar and Paya Labar drops dramatically by about 20-30% in 2-class classification using 529
10-km visibility and 3-class classification. The reason for the best performances in Changi 530
is likely to be the least frequency of haze events at this site (account for only 10% of the 531 total LVDs), in comparison, 37% and 44% of haze events occurred at Paya Labar and 532
Seletar during the training time period, respectively. The machines also predict non-haze 533 events with higher accuracy than haze events at Changi. Using severe haze (visibility < 7 534 km) instead of moderate haze (visibility < 10 km) to label haze event can also increase 535 accuracy (over 80%). This could be due to the fact that severe haze events are primarily 536 caused by heavy biomass burnings, whose occurrence would be well captured in the satellite 537 hotspot input data. 538
Besides accuracy and F 1 -score analysis, we have also used the feature importance 539 function in the scikit-learn Random Forest package to measure the importance of various 540
features (i.e. Gini importance) (Pedregosa et al., 2011). The function takes array of features 541
and computes the normalized total reduction of the criterion brought by that feature. The 542 higher the value, the more important the feature is to the forecasting machine. We find that 543 the hotspot counts from three fire regions are ranked consistently among the top three most 544 important features for most machine learning predictions in all three classifications ( Fig. 8 ; 545 Fig. S6 and S7) . The values of importance of hotspot counts are higher than 0.15. Analysis 546 also suggests that "Month" is among the top five most important features in all machines, 547 followed by wind direction and relative humidity (Fig. 8) , implying that besides fire hotspot, 548 seasonal monsoon wind patterns, wind-related weather conditions (i.e., SRV in Fig. 8) precipitation. Therefore, we are surprised that precipitation in the fire regions does not 556 appear to be a significant feature for predicting Singapore haze compared with other features 557 in our current analysis. 558
Summary
559
We have quantified the impacts of fire (emitted from biomass burning) and non-fire 560 (emitted from anthropogenic sources other than biomass burning) aerosols on air quality and 561 visibility degradation over Southeast Asia, by using WRF-Chem in three scenarios driven 562 respectively by aerosol emissions from: (a) fossil fuel burning only, (b) biomass burning 563 only, and (c) both fossil fuel and biomass burning. These model results reveal that 39% of 564 observed low visibility days in 50 ASEAN cities can be explained by either fossil fuel 565 burning or biomass burning emissions alone when they coexist, a further 20% by fossil fuel 566 burning alone, a further 8% by biomass burning alone, and a further 5% by a combination of 567 fossil fuel burning and biomass burning. The remaining 28% of observed low visibility 568 days remain unexplained, likely due to emissions sources that have not been accounted for. 569
Our results show that owing to the economic growth in Southeast Asia, non-fire aerosols 570 have become the major reason to cause LVDs in most Southeast Asian cities. However, for 571 certain cities including Singapore, LVDs are likely caused by coexisting fire and non-fire 572 aerosols. Hence, both fire and non-fire emissions play important roles in visibility 573 degradation in Southeast Asia. 574
Furthermore, we have also used air quality index or AQI derived from modeled 9-h O 3 575
and 24-h PM 2.5 to analyze the air quality of 50 ASEAN cities. The results are consistent with 576 the visibility modeling and analysis, indicating that PM 2.5 particles, primarily those from 577 non-fire emissions, are the major reason behind high AQI (PM2.5) occurrence in these 578
Southeast Asian cities. In addition to non-fire PM 2.5 stand-alone cases, coexisting fire and 579 non-fire PM 2.5 jointly caused an increase of 11% in bad air quality events with moderate 580 polluted or unhealthy pollution levels (23% versus 34%). The premature mortality among 581 the analyzed ASEAN cities has increased from ~4110 in 2002 to ~6540 in 2008. Bangkok 582 (Thailand), Jakarta (Indonesia), and Hanoi (Vietnam) are the top three cities in our analysis 583 for premature mortality due to air pollution, with 1080, 910, and 620 premature mortalities 584 per year, respectively. 585
We find the reason behind the model's miss-capturing of 28% observed LVDs averaged 586 over 50 ASEAN cities is largely due to a lack of inclusion of anthropogenic fugitive and 587 industrial as well as road dust from urban sources in the emission inventories used in this 588 study. Using PM 2.5 chemical composition data from the SPARTAN stations in Hanoi, 589
Singapore, Bandung, and Manila to fill the missing aerosol components from these excluded 590 sources can drastically increase the captured LVDs by the model in these cities, for example, 591 by 47% in Singapore. The improvement in LVD prediction is especially substantial in non-592 fire aerosols alone cases (Type 2; from 5% to 25%) and coexisting fire and non-fire aerosols 593 cases (Type 4; from 14% to 40%). Including the missing anthropogenic aerosols in modeled 594 results also increases the occurrence of cases with moderate and unhealthy air pollution 595 levels from 22% to 66% in Singapore. Our study clearly demonstrates the importance of 596 anthropogenic aerosols along with other fugitive industrial and urban sources in air quality 597 and visibility degradation in certain Southeast Asian cities such as Singapore. 598
We have also experimented using six different machine learning algorithms to predict 599 the occurrence of LVDs caused by PM 2.5 . The effort is on forecasting hazes in three surface 600 visibility observation sites in Singapore. We find that the machine learning algorithms can 601 predict severe haze events (visibility < 7 km) with an accuracy greater than 80% in any of 602 these stations. On the other hand, the accuracy is found to be sensitive to the selection of 603 features, labelling of outcome, and forecast sites. 604
The current study extends our previous effort (Lee et al., 2017 ) by using a model 605 including a full chemistry and aerosol package instead of a smoke aerosol module without 606 chemistry. The added model capacity provides more complete quantitative description of 607 physiochemical processes that allow us to better analyze the contribution of fire versus non-608 fire aerosols to the regional air quality and visibility degradation. Our results show that the 609 majority of the population in Southeast Asian cities are exposed to air pollution that can be 610 mostly attributed to non-fire aerosols. On the other hand, our analysis also suggests that for 611 certain cities such as Singapore, severe air pollution are likely caused by coexisting fire and 612 non-fire aerosols. All these further complicate the options for air pollution mitigation. 613 
Data availability
